Synopsis Considerable research in ecoimmunology focuses on investigating variation in immune responses and linking this variation to physiological trade-offs, ecological traits, and environmental conditions. Variation in immune responses exists within and among individuals, among populations, and among taxonomic groupings. Understanding how variation and covariation are distributed and how they differ across these levels is necessary for drawing appropriate ecological and evolutionary inferences. Moreover, variation at the among-individual level directly connects to underlying quantitative genetic parameters. In order to fully understand immune responses in evolutionary and ecological contexts and to reveal phylogenetic constraints on evolution, statistical approaches must allow (co)variance to be partitioned among levels of individual, population, and phylogenetic organization (e.g., population, species, genera, and various higher taxa). Herein, we describe how multi-response mixed-effects models can be used to partition variation in immune responses among different hierarchical levels, specifically within-individuals, among-individuals, and among-species. We use simulated data to demonstrate that mixed models allow for proper partitioning of (co)variances. Importantly, these simulations also demonstrate that conventional statistical tools grossly misestimate relevant parameters, which urges caution in relating ecoimmunological hypotheses to existing empirical research. We conclude by discussing the advantages and caveats of a mixed-effects modeling approach.
Introduction
Life histories tend to fall on a gradient of slow paces to fast paces (Stearns 1992; Ghalambor and Martin 2001) . Slow-paced life histories are characterized by longer lifespan, higher adult survival, longer development time, and lower reproductive rate; conversely fast-paced life histories are characterized by shorter lifespans, shorter development times, and higher reproductive rates (Saether 1988; Promislow and Harvey 1990; Ricklefs 2000) . Recent attempts to explain this pattern have focused on how natural selection acts on life histories, as well as on the physiological and genetic mechanisms underlying tradeoffs among life-history characteristics (Zera and Harshman 2001; Ricklefs and Wikelski 2002) . Physiology, particularly immune function, endocrine function, and metabolic rates, elucidates mechanisms that underlie life-history trade-offs (Sibly and Calow 1986; Ricklefs and Wikelski 2002) . The pace-of-life hypothesis integrates environmental influences on life-history traits with the physiological mechanisms that underlie life-history trade-offs, to explain why most life histories fall along a continuum of slowto-fast pace (Ricklefs and Wikelski 2002) .
The pace-of-life hypothesis posits that investment in immune function should vary in a predictable manner across the pace-of-life continuum (Ricklefs and Wikelski 2002; Lee 2006) . Predictions related to the pace-of-life hypothesis generally divide immune responses along two axes: specific to non-specific responses and constitutive to induced responses (Schmid-Hempel and Ebert 2003; Lee 2006) . Nonspecific immunity is characterized by rapid, nonantigen-specific responses including the complement pathway and the acute-phase response. Specific immunity is characterized by slower, antigen-specific responses, including those from B-cell and mammalian toll-like receptors (Schmid-Hempel and Ebert 2003; Lee 2006) . The second axis forms a continuum from constitutive to induced immune responses. Constitutive responses are always present and capable of immediate physiological defense, whereas induced responses are deployed after the pathogen has been recognized (Schmid-Hempel and Ebert 2003; Lee 2006) . The energetic, resource, and self-damage costs associated with an immune response, and therefore the selective pressures and predictions about investment into immune function, depend on the type and strength of the immune response. Lee (2006) developed testable hypotheses about how investment in different types of immune function should vary across the pace-of-life continuum at the interspecific level. For example, slow-paced species should invest more in specific, induced immune responses, such as antibody responses, than do fastpaced species, because these types of immune response require substantial investment and are most beneficial against repeated infections that are more likely in long-lived, slow-paced species (Klasing and Leshchinsky 1999; Lee 2006) . Hypotheses also extend to the individual level to develop predictions about how investment in immune function should vary among individuals and populations depending on other energetic requirements, including reproductive status, sex, latitude, and age (Lee 2006) . At this level of comparison, individuals that invest more intensively in activities such as reproduction should invest less in specific, induced immune responses than do individuals that invest less effort because reducing investment in immune function will free up resources for other activities (Lochmiller and Deerenberg 2000; Lee 2006) . These hypotheses are the basis for much research in ecoimmunology, and a statistical framework is needed to test predictions simultaneously among species, among individuals, and within individuals.
Why might we expect different relationships among traits at different levels? Allocation versus acquisition as an example An underlying assumption of most hypotheses related to life-history theory, and thus ecoimmunology, is the principle of allocation. The principle of allocation posits that resources are limited so individuals must choose how to allocate resources among functions essential for survival and reproduction (Stearns 1992) . Decisions about allocation depend on varying selective pressures and are expressed through variation in investment in traits among individuals (Ricklefs and Wikelski 2002) . The general prediction of the allocation hypothesis is that traits that share a common resource should be negatively correlated with each other across individuals because resources invested in one trait are unavailable for another trait (Williams 1966; Stearns 1992) .
The principle of allocation assumes that the quantity and types of resources available to each individual are the same. This assumption is invalid, however, because acquisition of resources is affected by numerous factors including habitat, rank, genetic background, maternal effects, and state (Flatt and Heyland 2011) . Differential acquisition posits that one might expect any type of correlation between life-history traits among individuals, including a counterintuitive positive correlation, because individuals acquire different amounts of resources. A positive correlation might arise among individuals because individuals with more resources overall can allocate more resources to all functions (Van Noordwijk and De Jong 1986) . A classic illustration is the big house, big car paradox (Van Noordwijk and De Jong 1986; Reznick et al. 2000) . The allocation hypothesis would predict that if money were limited, then families that allocate money to buy a big house should not have enough money to also buy a big car. Instead, a positive correlation is often seen between cars and houses across families because families differ in income, that is, the total amount of money they have available to spend (Van Noordwijk and De Jong 1986; Reznick et al. 2000) .
Despite individuals with big houses also having big cars, it still holds that when resource levels are limited within an individual, that individual must reduce resources allocated to one or more traits to increase allocation to another trait. When comparing across individuals that have access to different amounts of resources, however, a positive correlation between costly traits is possible with differential acquisition or other differences in state. Thus, the combination of the principle of allocation and differential acquisition suggest that within an individual, a negative relationship is expected between traits, whereas among individuals a positive relationship is expected among traits ( Fig. 1A and B) . As a result, when correlations between traits are estimated without properly considering within-individual and among-individual components, inferences about patterns that should be manifested at either of these levels can be incorrect. Herein we demonstrate how multi-response mixed-effects models also being discussed in other areas of evolutionary ecology (e.g., Dingemanse et al. 2012; Dingemanse and Dochtermann 2013) can be applied to test ecoimmunological hypothesis that make predictions about the correlations between traits within individuals and among individuals. We will also test other statistical frameworks for estimating the correlation of traits among individuals, including raw phenotypic correlations, and a correction factor developed by Adolph and Hardin (2007) .
A similar problem arises when trying to quantify how traits are correlated across species. If numerous individuals from a species are measured to develop a mean value for that species, correlations between two traits that are developed from these means confound interspecific and intraspecific variation. Instead, variation in traits needs to be partitioned between these two types of variation to accurately estimate the correlations. Note that in this discussion, intraspecific variation is the same as among-individual variation; that is, both terms refer to the variation in a trait assigned to the differences among individuals of the same species. It should be noted, that if each individual is not measured multiple times, then the intraspecific term will include variation that arises from variation within and among individuals. Herein we extend the multi-response mixed-effects models to partition correlations between traits into among-individual correlations and among-species correlations. We also present a statistical model to partition correlations simultaneously to the component parts of the within-individual correlation, the among-individual correlation, and the among-species correlation.
Objectives and an example
For simplicity, in this article we will discuss how to statistically model a single trade-off predicted by the pace-of-life hypotheses: energy used for basal metabolic rate (BMR) and investment in antibody production. Please note that we could have chosen for our example any two traits that are expected to be correlated. The predictions developed below for BMR and antibody production are intended to provide a concrete example to illustrate the statistical models presented herein. Although the hypotheses are based in theory, other rationale could lead to different predictions. We do not test the predictions below with empirical data (necessary data have not yet been collected by ecoimmunologists) but rather we simulated data to test the effectiveness of different statistical models to properly estimate within-individual, among-individual, and among-species correlations.
Antibody production is an induced, specific response. As such, investment in antibody response is expected to decrease as pace-of-life becomes faster when compared across species, and increase with intensity of effort when compared across individuals (Lee 2006) . BMR is the minimum energy required Fig. 1 At the level of within individuals, the principle of allocation suggests a trade-off between investments in basal metabolic rate and antibody response; thus, we predict a negative correlation for within-individuals (A). At the among-individual level, differential acquisition would suggest that individuals which acquired more resources have more to invest both in immune function and in BMR; thus, we predict a positive relationship between these traits for among-individuals (B). Finally, based on the pace-of-life hypothesis we predict a negative correlation between these traits at the interspecific level (i.e., among species; C).
for a resting, post-absorptive animal that is not growing, reproducing, or thermoregulating (McNab 1997) . At the level of within-individuals, the principle of allocation suggests that if an individual has a given amount of resources and uses more energy for BMR, it will have fewer resources available to mount an antibody response; thus a negative correlation is predicted within-individuals (Fig. 1A) . The amongindividual prediction is less clear, but differential acquisition would suggest that individuals which acquired more energy have more available both for immune function and for BMR. Thus, a positive relationship between these traits is predicted amongindividuals (Fig. 1B) . Finally, slow-paced species have lower BMRs than do fast-paced species (Ricklefs and Wikelski 2002; Wiersma et al. 2007) , though slowpaced species should also invest more in antibody responses than do fast-paced species for reasons explained previously (Klasing and Leshchinsky 1999; Lee 2006 ). Thus, a negative correlation between these traits is predicted at the interspecific level (i.e., among species; Fig. 1C ).
The problem
When theory predicts correlations of different signs (or magnitudes) across levels of organization, how might these predictions be evaluated? This issue can be addressed based on knowledge of how different factors contribute to phenotypic correlations derived from measuring numerous individuals. Although potentially much more complex (Fig. 2) , phenotypic correlations stem from the contribution of among-individual correlations and withinindividual correlations (Dingemanse et al. 2012; Dingemanse and Dochtermann 2013) :
where r P y ,P z is the phenotypic correlation between traits y and z, r ind y ,ind z is the among-individual correlation for y and z, r e y ,e z is the within-individual correlations for y and z, V P y and V P z are the phenotypic variances of y and z, respectively; V ind y and V ind z are the among-individual variances of y and z, respectively (Dingemanse et al. 2012; Dingemanse and Dochtermann 2013) . Conceptually, we can think about among-individual estimates of variances as how much individuals differ in their average phenotypes while within-individual variances estimate how much an individual differs in its phenotypic expression from one measurement to the next. Moreover, the among-individual variance for a trait divided by the total phenotypic variance for that trait (e.g.,
) is repeatability. Likewise, r ind y ,ind z conceptually would be the correlation between individuals' mean y's and z's. Conceptually the within-individual correlation, r e y ,e z , is then the average correlation across multiple individuals when y and z are measured multiple times in each individual and the correlation for that individual is estimated.
Importantly, ecoimmunological theory makes specific predictions about trade-offs corresponding to both correlations in Equation (1). Specifically, allocation theory estimates that trade-offs will be manifested at the r e y ,e z level. However, differences in states, differences in genetic propensities in allocation, and differences in permanent environmental effects will be manifested at the r ind y ,ind z level. As these correlations are conflated at the phenotypic level, they cannot be reliably estimated by simple phenotypic correlations. For example, the phenotypic correlation will be zero if y and z are each measured multiple times, have repeatabilities of 0.5, and have a correlation of À0.5 at the withinindividual level and a correlation of 0.5 at the among-individual level.
Fortunately this conflation can be addressed by separately estimating the within-individual and among-individual correlations, which can be accomplished using multi-response mixed-effects models whenever multiple measurements at each level are estimated. Moreover, other ecoimmunological and general evolutionary ecological theories make predictions at various hierarchical levels such as amongindividuals and among species. When there is replication within levels, mixed models can be used to estimate correlations at these levels as well. Here we provide a simple demonstration of disentangling correlations for the among-individual and within-individual levels, for the among-individual and among-species levels, and for all three levels simultaneously.
A potential solution: multi-response mixed-effects models
Disentangling among-individual and within-individual correlations
Recall the example described previously: for two traits, such as BMR (y) and antibody production (z), a negative allocation trade-off is predicted within individuals (Fig. 1A ) and the positive relationship is expected among individuals because of differences in acquisition of resources (Fig. 1B) . In such a case, phenotypic correlations can be misleading and these correlations must be estimated separately. When both traits are measured at the same time and each is measured repeatedly, this can be done with a multi-response mixed-effects model (Dingemanse and Dochtermann 2013) . Such a model for traits y and z has the form:
where y ij and z ij are BMR (y) and immune response (z) measured for individual j at sampling time i. This model is fit by estimating a random intercept (ind 0j ) for each individual, that is, ''Individual'' is a random factor. These random intercepts, for a model like Equation (2), can be thought of as an individual's deviation (with a mean of zero) from the population mean, 0y and 0z . These population means are typically treated as independent (e.g., Matsuyama and Ohashi 1997) . e 0yij and e 0zij are the residual or within-individual deviations from this model for individual j at sampling time i and are estimated as having averages of zero. What differentiates a multi-response mixed-effects model of Equation (2) from more common mixed models is that the random intercepts and the withinindividual variances for each trait are not estimated as independent. Instead, both are fit to a single multivariate normal distribution. These estimated distributions have-for two traits-two variances and a covariance estimated from the data. The variances and covariances estimated among the random intercepts are among-individual variances and the among-individual covariance. The variances and covariances among the within-individual deviations are the within-individual variances and covariance:
Cov e 0y ,e 0z V e 0z " # From the among-individual and within-individual variances and covariances we can calculate r ind 0y ,ind 0z and r e 0y ,e 0z as [Equations (4) and (5) 
An example of jointly estimating among-individual and within-individual correlations
To illustrate the utility of this approach, recall our predicted relationships in Fig. 1A and B. How do different approaches to estimating correlations, at different sample sizes, perform in estimating the hypothesized relationships? To address this question we simulated data according to the following:
Cov e 0y ,e 0z ¼ À0:5 V e 0z ¼ 1
" #
The mean within-individual correlation for this model was 0.5, and the mean among-individual correlation was À0.5. Based on these distributional relationships we generated datasets with two measures per trait, per individual. Datasets were generated with population sizes of 25, 50, 75, 100, 125, and 150 individuals and 200 datasets for each size of population. This approach to the generation of data (used throughout) conflates sampling error with estimation error. However, we consider this conflation to accurately reflect how real-world data are collected. For each of these 1200 datasets we calculated the correlation between y and z in the following ways: (1) based on a single measure of each trait for each individual; (2) based on the average of each trait by individual; (3) based on Adolph and Hardin's (2007) repeatabilitybased correction of individual mean-based correlations; and (4) based on the described multi-response mixed-effects approach to modeling. Multi-response mixed-effects models were fit using the MCMCglmm package (Hadfield 2010) for the R programing language (R Core Development Team 2013). ''Individual'' was included in the model as a random factor. Models were fit with a prior that was flat for the correlation and using 13,000 iterations, a 3000 burn-in, and a thinning interval of 10. For the various estimates of correlation, we evaluated how well each represented underlying parameters of interest.
Results
Estimates of the correlation between y and z were generally poor when not made specifically at the within-individual or among-individual levels (Fig. 3) . As correlations based both on single measures of individuals and individual-level means conflated within-individual and among-individual correlations, they performed very poorly at identifying trade-offs (Fig. 3) . If inferences were drawn from single estimates per individual, then researchers would conclude from our simulated dataset that no trade-offs are present. Although correlations across individual means performing better at identifying among-individual correlations, they nonetheless underestimate values used to generate the populations (i.e., generating values) (Fig. 3) . Of non-mixed model approaches, Adolph and Hardin's (2007) weighting of correlations based on repeatability most closely approximated the generating values. However, this value still dramatically underestimated the generating values (Fig. 3) . The inability of Adolph and Hardin's (2007) measure to properly estimate among-individual correlations is likely due to its calculation necessitating the assumption that withinindividual correlations are zero, an assumption we know to be violated for this simulated dataset.
A multi-response mixed-effects modeling approach most accurately estimated among-individual correlations. This approach was also the only approach to identify the pattern of within-individual correlations that underlaid observed phenotypes (Fig. 3) . These results strongly suggest that mixed-model approaches may be necessary to ask appropriate questions in ecoimmunology. An alternative approach, known as within-individual centering (van de Pol and Wright 2009), would also require the collection of repeated measures and the use of mixed models. The approach we describe here is preferable, as within-individual centering requires researchers to assume that one of their two measures was estimated with no error.
Discerning patterns among species
Multi-response mixed models can also be used to partition variation across other hierarchical levels, making the approach useful for testing hypotheses derived from ecoimmunological theory that describe patterns of correlations of traits across species. This includes questions from the pace-of-life hypothesis, such as how does investment in specific versus nonspecific immune responses or induced versus constitutive immune responses differ among species along the pace-of-life continuum (Schmid-Hempel and Ebert 2003; Lee 2006 )? For such questions researchers are asking among-species (i.e. interspecific) questions under which among-individual and withinindividual patterns will be nested. As was the case among individuals, this nesting of patterns results in a conflation of various contributors to an observed correlation (r Obs y ,Obs z ):
where all values are the same as in Equation (1), and where r spec y ,spec z is the among-species correlation (species: spec) and V spec y and V spec z are the among-species variances for y and z, respectively.
Above we considered a example where the within-individual and among-individual predictions differ ( Fig. 1A and B) ; we can add to these expected relationships a prediction that BMR (y) and production of antibodies (z) should be negatively correlated at the among-species level for reasons described previously (Fig. 1C) . Hypotheses in comparative physiology and ecoimmunology often make predictions about patterns among species begging the question: how effective are different methods, including multi-response mixedeffects models, in estimating the correlations of interest?
To address this question, we again simulated data incorporating correlations at different levels. The structure of the model was:
. Among-individual correlations (mean AE 95% CI) estimated by single measures per individual (black circles), individual means (white circles), Adolph and Hardin's (2007) corrected estimate (black squares), and mixed models (black diamonds). The mixed-model framework provided the most accurate estimate of the among-individual correlation, and it was the only method that provided an estimate of the within-individual correlation (mean AE 95% CI; white triangles). Correlations were estimated from simulated data (see text for details) for different sample sizes of individuals (n ¼ 25, 50, 75, 100, 125, 150) . Each individual had two simulated measurements for each trait.
where values are as above and spec 0yh and spec 0zh correspond to a random intercept for each species and each trait. The mean within-individual correlation for this model was 0.5, the mean amongindividuals correlation was À0.5, and the mean among-species correlation was À0.5. Based on this model we generated datasets with two individuals per species and one measure per individual. Datasets were generated with 25, 50, 75, 100, 125, and 150 species and 200 datasets per level of number of species. For each of these 1200 datasets we calculated the correlation between y and z in the following ways: (1) based on a single measure of each trait for each species; (2) based on the average of each trait by species; (3) based on the described multi-response mixed-effects modeling approach. Multi-response mixed-effects models were fit using the MCMCglmm package (Hadfield 2010) for the R programing language (R Core Development Team 2013). ''Species'' but not ''individual'' was included in the model as a random factor. Both ''species'' and ''individual'' were used in the model to generate the datasets used to test the different statistical models, but we included only ''species'' as a random effect within analyses because we are analyzing datasets without repeated measurements of individuals. To model within-individual correlations, we would need more than one measurement for each individual and to include ''individual'' as a random effect (see Section ''Integrating within-individual, among-individual, and among-species questions'' for details). Models were fit with a prior that was flat for the correlation and using 13,000 iterations, a 3000 burn-in, and a thinning interval of 10. For the various correlation estimates, we evaluated how well each represented underlying parameters of interest.
Results
Correlations based either on species' means or single measures per species produced correlation estimates that were substantially lower than the actual populations-among-species correlation (Fig. 4) . A mixed modeling approach generally provided the best estimate of the among-species correlation, although 95% confidence intervals (CIs) did not quite overlie the generating distributions of known correlation (Fig. 4) . This is likely due to sampling error, that is, differences between the simulated sample population and the generating distributions. Importantly, as we modeled the data based on a single measure of each trait for each individual sampled in a species, we were not able to separately estimate the withinindividual and among-individual correlations. As a result, the within-species correlation conflated these two effects and was therefore estimated as $0 (Fig. 4) . As in the case of patterns within and across individuals, our simulation suggests that multi-response mixed-effects models are strongly recommended for asking questions at the among-species level. It should also be noted that this framework could be used to compare populations-level differences if ''population'' replaced ''species'' in Equation (6). Indeed the flexibility of the multi-response mixedeffects models is illustrated by the fact that if all of the terms for the species level are removed, Equation (6) becomes Equation (1).
Integrating within-individual, among-individual, and among-species questions
In the previous two examples we estimated correlations at levels that are likely to interest ecoimmunological researchers: (1) within-individual and between-individual relationships (e.g., Demas et al. 1997; Tieleman et al. 2005) or (2) among population or interspecific/among-species relationships (e.g., Addison et al. 2009; Downs et al. 2012 Downs et al. , 2013 Tieleman et al. 2005 , Versteegh et al. 2012 . However, the more complete representation of contributors to within-individual, among-individual, and among-species patterns represented by Equation (6) and Fig. 1A -C (in total) has not been tested. Although researchers studying patterns for a species might collect multiple measurements per individual, researchers studying patterns across species instead typically will try to maximize the number of species they examine and, perhaps, the number of individuals per species. When asking questions across species, repeated measurements per individual are likely to be logistically prohibitive. However, if individuals are measured repeatedly and multiple individuals are measured per species, then the whole suite of correlations in Equation (6) can be estimated separately.
To illustrate this scenario, we used the same model structure we used for examining among-species patterns, but generated data for 150 species with three individuals measured twice each for both traits. Three individuals per species were chosen in accordance with current recommendations for the minimum for obtaining good estimates of BMRs (McKechnie and Wolf 2004) . In general, sampling more individuals should improve the accuracy of the estimates of the correlation (Dingemanse and Dochtermann 2013) . Exploring how the number of individuals sampled per species and how the characteristics of the individuals sampled (e.g., sex, state, and age) changes the estimates is beyond the scope of this article. We fit a multi-response mixed-effects model to the data, including ''species'' and ''individual'' both as random factors (individual nested within species). The data were fit with a prior that was flat for the correlation and using 13,000 iterations, a 3000 iteration burn-in, and a thinning interval of 10. We did not explore additional combinations of parameters because varying number of species, number of individuals, and number of repeated measures per individual would lead to an overwhelming number of combinations of parameters.
The joint estimation of all three correlations using a multi-response mixed-effects model led to quite accurate estimates (Fig. 5) . All three correlations were quite close to the generating distribution's parameters. This suggests that the described modeling approach could be very effective in asking integrative questions about correlations of traits across levels of organization. However, these results and this particular simulation come with very strong caveats. Our analysis assumes that variances and covariances at the among-individual and within-individual levels do not differ across species. In other words, patterns and trade-offs for individuals and state-trait relationships among individuals are being estimated as the same for all species. This is a highly unlikely assumption and strongly informs the estimates of variance and covariance. Statistical models can be formulated that would allow unique estimation of variance and covariance on a species basis. However, this approach would require a large number of measurements of both traits for each individual and a large number of unique individuals. Although these conditions are unlikely for free-ranging animals, it might be possible to meet these conditions to conduct a cross-species comparison using captive animals.
Conclusions
Mixed models provide better estimates of relevant correlations than do alternative approaches.
When estimating phenotypic correlations across individuals, the mixed model is the only Fig. 4 . Between-species correlations (mean AE 95% CI) estimated by single measures per species (black circles), species' means (white circles), and mixed models (black diamonds). The mixed-model framework provided the most accurate estimate of the among-species correlation, and it was the only method that provided an estimate of the within-species correlation (white triangles). Note that the within-species correlation includes variation from within-individual and among-individual correlations. Correlations were estimated from simulated data (see text for details) for different samples sizes of species (n ¼ 25, 50, 75, 100, 125, 150) . Each species had simulated measurements of two individuals for both traits.
approach that provides an estimate of the within-individual correlation. This same modeling approach also provides the most accurate estimates of the among-individual correlation.
When estimating correlations across species, a mixed modeling framework provides more accurate estimates of species' correlation because it is accounting for the variation caused by individual variation. These models do not estimate the among-individual or within-individual correlations when only single measures per individual are available. Among-individual or withinindividual correlations are conflated as part of the within-species correlation.
If repeated measures per individual and repeated individuals per species are both available, all components of variance -within-individual, among-individual, among-species variances and correlations -can be estimated. However, the assumptions underlying the example and the structure of the model provided herein are unlikely and there are currently no empirical estimates to support these assumptions. To properly account for differences in trade-offs among species requires much greater sample sizes and more complicated mixed models.
Multi-response mixed-effects models can be very data-hungry. If sample sizes are not sufficiently large, results and the conclusions drawn from those results are unreliable. Figs 3, 4 , and those within Dingemanse and Dochtermann (2013) provide additional guidance for sampling schemes.
If researchers are investigating particular ecoimmunological trade-offs, simple correlations often may be misleading. This may be contributing to current debates regarding the actual role of trade-offs in natural populations. Specifically, simple correlations are not necessarily testing for the presence of trade-offs, an issue that has also been discussed extensively in life-history and quantitative genetics research (e.g., Roff and Fairbairn 2007) .
Many hypotheses about ecoimmunological tradeoffs assume that immune responses are nutritionally or energetically costly and invoke the principle of allocation (e.g., Gustafsson et al. 1994; Lochmiller and Deerenberg 2000; Downs et al. 2013) . Hypotheses regarding trade-offs caused by decisions about allocations will be manifested within the individual and require repeated measures to be tested. In contrast, hypotheses about the relationship between traits that are caused by differences in states, differences in genetic propensities in allocation, and differences in permanent environmental effects will be manifested among individuals. The overall phenotypic correlation must be partitioned into within-individual and among-individual components to assess these hypotheses.
Similarly, there is substantial variation among individuals of the same species in physiological traits, including immune function (Hayes and Jenkins 1997; Schmid-Hempel 2003; Speakman et al. 2004) . To properly test ecoimmunological hypotheses that make predictions about patterns across species, such as those from the pace-oflife hypothesis (Ricklefs and Wikelski 2002; Lee 2006) , statistical models must properly account for individual-level correlation (i.e., the combination of within-individual correlation and among-individual correlation). The approach we have described applies not only to ecoimmunological trade-offs; rather it applies to the evaluation of the relationships of traits regardless of trait domain.
Examples herein have focused on predictions for which the signs of the correlation are conflicting among levels. If the sign of the correlations are the same, then estimates of the correlations are still conflated and the relative contributions of effects cannot be determined unless a mixed-model approach is used.
Models for the comparisons of species assume star-phylogenies. To correct for phylogenetic relationships, phylogenetically independent contrasts can be used or information about branch lengths in phylogenetic trees can be incorporated into the mixed-model framework (Hadfield and Nakagawa 2010; Nakagawa and Santos 2012) .
Although we have focused on two traits, this mixed-model framework can be expanded to include more traits if multivariate models are used (Dingemanse and Dochtermann 2013) . However, as the number of traits included in the model increases, the samples size also must be increased.
